The study introduces a supervised committee machine with artificial intelligence (SCMAI) method to predict fluoride in ground water of Maku, Iran. Ground water is the main source of drinking water for the area. Management of fluoride anomaly needs better prediction of fluoride concentration. 
INTRODUCTION
Determination of ground water contamination is one of the major studies in hydrogeology. In this study, we focus on fluoride contamination that has drawn public attention due to its considerable impact on human life. Fluoride is an important constituent in drinking water. Although its trace amount in the diet is required for increasing the strength of bones and teeth, excessive amounts can also affect detrimentally, such as endemic fluorosis, on human health. The effects of fluoride on human health are well studied (Kharb & Susheela ) . Different kinds of fluorosis were discussed by Jacks et al. () . Potential health effects associated with long-term ingestion of fluoride-bearing water were presented by Dissanayake () . Recently, the implication of fluoride ingestion for human health was Using physical-based simulation models to predict hydrochemical distribution in aquifer systems is rigorous, but is constrained on several limitations: (1) the models need sufficient spatial and temporal data, which may not be practical for initial site investigation; (2) the development of these models requires detailed characterization of the study area including the physical and chemical processes when such processes may not be fully known; and (3) the models usually utilize fine spatiotemporal discretization that requires substantial computational resources for multiple scenarios (McGrail ). This study emphasizes the importance of using multiple AI methods for hydrochemical prediction rather than a single AI method. Each AI method has its own advantages. The fuzzy models tend to be robust to parameter changes, and are also tolerant to imprecision and uncertainty (Bárdossy & Disse ) . Besides, the ANN model represents non-linear relationships and learns these relationships directly from the data being modeled (Palani et al. ) . Obviously, the NF model takes advantage of the FL and ANN in modeling.
None of the AI methods can dominate other AI methods. Using multiple AI models for prediction may achieve the optimal performance, reap the benefits of all AI models, and avoid bias to a single AI model.
A combination of multiple AI models to estimate hydrological parameters was suggested using a committee 
STUDY AREA
The study area is shown in Figure 1 Table 2 . The correlation matrix of all water quality parameters is presented in Table 3 . Na For the AI models discussed below in this research, 100 samples were used in the training step and 32 samples were used in the test step. The samples were selected to cover the entire region. Similar statistical characteristics of the training data and test data sets are presented in Table 5 .
Different types of the input data were normalized to have a range between 0 and 1.
PREDICTIONS BY AI MODELS AND SCMAI Fuzzy logic
Fuzzy logic is based on the fuzzy set theory which was first The initial guess for these cluster centers is most likely 
where c i and σ i are the mean and the standard deviation for ith cluster, respectively. For F À prediction, a fuzzy if-then rule i can be also expressed as: clusters. This will create more rules and complicate the system behavior and may lead to a low performance of the model. In contrast, a large cluster radius produces large clusters in the data and results in few rules (Chiu ), which may not be sufficient to cover the entire domain.
Searching for the optimal cluster radius can be accomplished by systematically varying cluster radius value from 0 to 1 until minimal root mean squared error (RMSE) is met.
As we use the subtractive clustering method, the number of rules is the same as the number of clusters. For F À prediction in this study, a fuzzy if-then rule i can be expressed as: 
where m i , p i , q i and c i are coefficients. The final output is the weighted average of all outputs (aggregation) as follows:
where w i is the firing strength of rule i, which is obtained via 'and' (minimize) operator.
Artificial neural network
Artificial neural networks imitate the human brain by using mathematical method. This method has proven to be extre- 
where f 
Neuro-fuzzy
The NF modeling is a combination technique for describing the behavior of a system using fuzzy inference rules within a neural network structure. The NF inference system consists of a given input/output data set and an SFL model, for which the membership function parameters are optimized The output of neuron i is defined by:
where j is the number of input and i is the membership func-
μ ji (X ) is a fuzzy set associated with neuron i given a membership function. Again, we use a generalized Gaussian function to develop membership functions.
Layer 2: Calculate firing strength w i for the ith rule via multiplication:
Layer 3: Compute the normalized firing strengths for the ith neuron:
Layer 4: Compute the contribution of the ith rule in the model output based on the first-order SFL method:
Layer 5: Calculate the final output as the weighted average of all rule outputs (aggregation):
The NF parameters in Equation (10) and membership function parameters are estimated using a hybrid algorithm in this study, which is a combination of the gradient descent and least-squares methods (Aqil et al. ) .
SCMAI model
The In this study, we introduce a SCMAI model that employs
an artificial neural network model as a supervised combiner of all AI models to replace simple averaging or weighted averaging. The SCMAI model consists of four AI models, shown in Figure 6 , and includes two major steps. In the first step, fluoride concentration is predicted from hydrochemical data using aforementioned AI models (MFL, SFL, ANN, and NF). In the second step, a supervised artificial neural network is constructed as a nonlinear, supervised combiner. The mathematical expression of the SCMAI model is:
whereF À i is the output of the each AI model which has been used as ith input, f 1 and f 2 are activation functions for the hidden layer and output layer, respectively, O j is the jth output of nodes in hidden layer, W ji and W kj are weights that 
Effectiveness evaluation
Two different criteria are used to evaluate the effectiveness of the ANN and NF models and their ability to make precise predictions. One criterion is the root mean square error (RMSE) (Hyndman & Koehler ) : 
where F À is the mean of the data. R 2 measures the closeness between the data and prediction. Perfect fitting will result in RMSE ¼ 0 and R 2 ¼ 1.
RESULTS AND DISCUSSION
Artificial intelligence models Using the FCM clustering method for the MFL model, the minimal RMSE is 0.05 meq/L with three clusters in the training step. The R 2 is 0.70. Therefore, our MFL model generates three rules to link input to output via 'and' operator.
The output from the rules are aggregated via the 'or' (maximize) operator. Then, we used a defuzzification method, centroid calculation, to produce crisp output.
The fitting performance of the test step is RMSE ¼ 0.05 and R 2 ¼ 0.66, which are slightly worse than the SFL model. 
Artificial neural network
An MLP network is adopted to predict fluoride concentration.
The MLP structure is shown in Figure 4 . The transfer function for the hidden layer is Tansig and for the output layer is Purelin.
The ANN model is trained by minimizing RMSE in the training step. The LM optimization method was applied to optimizing ANN weights and biases values.
After 85 epochs of training, the minimum RMSE ¼ 0.02 meq/L was reached. The R 2 was 0.88. In the testing step, the RMSE and R 2 were 0.03 meq/L and 0.82, respectively, which show better performance than the FL models.
Comparisons between the measured and predicted F À values in the training and test steps are shown in Figure 9 .
The ANN model predicts the fluoride concentration at the mixing zone better than the FL models.
Neuro-fuzzy
In this study, an NF model is developed for prediction of fluoride concentration. The input and output data of NF model The performance results using individual AI models are listed in Table 6 . It concludes that the ANN model is the best model and the MFL model is the worst with respect to the other three AI models for the study area. However, all four AI models are applicable for prediction of fluoride concentration since their performance difference is not significant. Their fluoride predictions at the mixing zone are equally poor. To achieve the optimal performance and reap the benefits of all work, in the following, we conduct the SCMAI and CMAI that utilize the advantages of each AI model.
SCMAI model
The SCMAI method shown in Figure 6 adopts a simple ANN method to re-estimate fluoride concentration obtained by SFL, MFL, ANN, and NF in the training step (100 sample data). The MLP-LM structure based on Equations (13) and (14) Figure 11 and Table 7 .
These results support the importance of a nonlinear combination of AI models and the effectiveness of using the SCMAI for predicting the fluoride concentration value in the highly heterogeneous unconfined aquifer underneath the Maku area. 
For the weighted averaging method, the optimized weights, w i are determined by minimizing the mean squared error (MSE):
where m is the number of training data (100 samples). The weights, w i , range between 1 and 0. Sum of weights is unity, P w i ¼ 1.
A GA optimizer in MATLAB ® is used to minimize the MSE. The initial population size is set to 30. The maximum number of generations is set to 140. The probability for crossover operation is set to 0.8. The mutation function is
Gaussian. The parameters that control the mutation are specified as the scale value of 1 and shrink value of 1. After the optimal weights are obtained, the CMAI model predicts the fluoride concentration by:
The order of the weights in Equation (19) is consistent with the ranking of the AI models in The performance result of the SCMAI and CMAI is shown in Table 8 for fluoride data in the test step. The 2. The study shows that the prediction of fluoride concentration prediction can be improved by linearly combining the outputs of the AI models. The CMAI model predicts better than individual AI models using either equal weights or optimized weights. This study also shows that using optimized weights performs better than equal weights in the CMAI method. environments. This study shows that the SCMAI has a better prediction result than the CMAI and outperforms individual AI models, especially in the mixing zone.
4. Since most real aquifer systems are heterogeneous and complex, the presented SCMAI method has a potential to estimate other hydrochemical or hydrogeological parameters. Moreover, uncertainty analysis using the SCMAI model is a crucial subject for future research. 
